PROBLEM AND MOTIVATION
Color image quantization is one of the most widely used image processing techniques, where the number of colors used in the image is to be reduced to a specific value. [2] The aim of the task is to minimize the distortion from the original image. In previous studies, this has been measured using the distance between the original color and the transformed color of corresponding pixels. This concept is straightforward and can easily be calculated, and thus has been used as a general measure. However, to find the color tuple which minimizes the difference is known to be NP-hard. [3] Therefore, a number of studies have been performed using several optimization techniques.
Instead of measuring the color difference, we can define the degree of distortion in a different way. Since the color difference is about the distortion of individual pixels, this may not represent the distortion of the whole image. However, it is hard to come up with a well-defined measure. To overcome this issue, I suggest the application of interactive genetic algorithm, which uses an evaluation process which utilizes humans to identify a fitness value which is difficult to define numerically. Evaluators are asked to choose the image which best preserves the context of the original image among the consecutively introduced image sets. The solutions are evaluated and evolved based on the user's selections, and the system finally proposes the quantized image after a number of iterations.
BACKGROUND AND RELATED WORK
Image quantization is one of the well-known NP-hard optimization problems, and approaches using various optimization methods have been proposed and researched. The methods used for this task range from classic clustering methods such as K-means [4] to stochastic optimization methods such as particle swarm optimization (PSO) [5] and differential evolution (DE) [6] .
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APPROACH AND UNIQUENESS
The framework of the system is described in Figure 1 . The main portion of the system is a GA module, which is where the evolutionary operations are performed. Subjective user evaluation is executed at the beginning of the process, and between GA iterations.
Chromosomes consist of 16 integer values, each representing the color used in the quantized image. The original image is transformed into the quantized image by selecting the closest color for each pixel. The transformed image becomes the phenotype of the chromosome and is shown to the evaluator to measure the fitness.
Prior to the first iteration of the GA process, the evaluator is asked to select the fittest image among four randomly generated quantized images. This is repeated until enough chromosomes for fitness evaluation are selected. After this initial selection, the evolutionary process begins.
The main iteration has two phases: the user input phase and the evolution phase. During the first phase, four candidate images are presented randomly, and one of them is selected by the evaluator. The selected solution is used as the new pivot for fitness calculation, and thus performs the role of an attractor. The second phase begins by the reevaluation of the population according to the new fitness measure. Then, several iterations of the typical GA process are completed: selection, crossover, mutation, and replacement. After the predefined number of iterations, the next user input is performed. This procedure is repeated until the convergence of the population is achieved.
The fitness of the chromosomes is measured by how similar the chromosome is to the selected solutions which form the evaluation set. Initially, the subject is asked to select one chromosome out of four candidates, and repeating this makes the initial evaluation set. The fitness of the chromosome is calculated by getting the weighted average of the inverse of the distance between it and the selected chromosomes. Each time the new chromosome is selected, it is added to the evaluation set, and the weight of previous elements is dampened. In short, the fitness is calculated with the following expression:
where n is the number of elements in the evaluation set, γ is a user-defined positive constant less than 1, ti is the difference between the period of the addition of the evaluation element and the current iteration, dist(x, ci) is the Euclidean distance between the results generated with x and i-th evaluation element.
PRELIMINARY RESULTS
I used the standard test images for the experiment. The experiment was done with 12 subjects. They were asked to use the system with four given images to generate results according to their own decisions. To show that the system accurately finds feasible solutions, there were repetitions for the same images. On average, 38.24 user inputs were needed to generate the result. Ten inputs were used for the construction of the initial evaluation set, and the rest were used to evolve solutions until convergence.
To see if multiple trials of the system by the same subject generate similar results, I compared the similarities between the results with the same subject and those with different subjects in terms of mean squared error (MSE). The result is shown in Table 1 . Though not significant, the MSE between the results with the same subject shows less value than the others.
CONCLUSION
Color image quantization has been widely studied due to its intuitiveness and applicability to image compression and other image processing-related algorithms. So far the researches have focused on minimizing the difference between the original and converted images, and it lacks the capability of preserving the context recognized by humans. In this research, a novel approach for preserving such context has been proposed. Since it is hard to measure quantitatively, the methodology of interactive genetic algorithm is utilized. With a number of user input, the system develops solutions to show the result that fits the user's own criteria. Through this and the following research, I expect to find ways to utilize human knowledge in solving image-related problems that are computationally difficult.
